The job shop scheduling problem, which has been dealt with by various traditional optimization methods over the decades, has proved to be an NP-hard problem and difficult in solving, especially in the multiobjective field. In this paper, we have proposed a novel quadspace cultural genetic tabu algorithm (QSCGTA) to solve such problem. This algorithm provides a different structure from the original cultural algorithm in containing double brief spaces and population spaces. These spaces deal with different levels of populations globally and locally by applying genetic and tabu searches separately and exchange information regularly to make the process more effective towards promising areas, along with modified multiobjective domination and transform functions. Moreover, we have presented a bidirectional shifting for the decoding process of job shop scheduling. The computational results we presented significantly prove the effectiveness and efficiency of the cultural-based genetic tabu algorithm for the multiobjective job shop scheduling problem.
Introduction
The scheduling problem is one of the most important and hardest combinatorial optimization problems on account of its complexity and frequency in practical applications. The purpose of scheduling generally is to allocate a set of resources to tasks by the definition of Pinedo. Since the first appearance of the systematic method to scheduling problems was in the mid-1950s, thousands of articles on different scheduling problems have arisen in the literature, which can be categorized in accordance with shop environments, including single machine, parallel machines, flow shop, flexible flow shop, job shop, open shop, and others.
Job shop scheduling problem (JSSP) is one of the most difficult ones among all the scheduling problems. Literature [1] has summarized the approaches applied to JSSP. Gradually it has been handled using exact methods, branch and bound, and heuristic procedures based on priority rules and shifting bottleneck. However, it is a nonlinear control problem, just as other complex control systems [2] . Therefore, largesize problems are still considered to surpass the reach of exact methods. And then over the last decades, a growing number of heuristics have been presented to solve these complex optimization problems: simulated annealing (SA), tabu search (TS), and evolutionary algorithms (EA), among others.
Among all these algorithms, the cultural algorithm has been paid attention to gradually and applied to solve scheduling problems. Similar to the development of evolutionary computation, Reynolds developed a model of the evolution of cultural systems and subsequently the cultural algorithms in 1994 [3] . The cultural algorithm proposed is a dual evolutionary system, which provides an interaction and cooperation between two different evolutions: brief and population spaces. And the acceptance and influence functions allow the dual inheritance to make interactions. After Reynolds proposed the cultural algorithm, he and his students applied the use of cultural algorithms to global optimization problems with better results [4] . They presented five knowledge sources [5] [6] [7] and proposed a full fuzzy cultural algorithm [8] and combined genetic algorithm. And incorporation of other evolutionary algorithms [9] [10] [11] with cultural algorithms has become a research focus. Cultural algorithm has been extensively and successfully applied to optimization problems 2 Mathematical Problems in Engineering and has advantages in overcoming some weaknesses of conventional optimization methods, such as data mining, scheduling, and multiobjective optimization [12] [13] [14] . It is an intelligent technique that incorporates knowledge in the evolutionary process to make the process more effective and efficient.
It is common sense that practical scheduling problems are multiobjective by nature. And a number of solutions should be provided to decision makers to make a conclusion. Smith started the researches on multiobjective scheduling in 1956 by providing a Smith algorithm for some scheduling problems with weighted sum of completion time minimization, subject to all jobs being completed by their due dates [15] . Afterwards, plenty of scholars studied the multiobjective scheduling. However, the approaches they provided cannot be spread to a multiobjective context because they aim at a specific problem. Gradually research methods on multiobjective scheduling problem have converted from exact methods to the multiobjective decision-making theory [16, 17] and modern heuristic search methods such as GA [18, 19] , particle swarm optimization (PSO) [20] , simulated annealing (SA) [21, 22] , and water drops algorithm [23] . Literature [24] proposed an interactive solution to | | ( max , , , max , ), which is interactive with DM based on Tchebycheff-approximation in the first module and then using the greedy heuristic algorithm in the second module. But due to the disadvantages of heuristics, the genetic algorithm with its inherent global search advantage has been considered to be an efficient and effective means to solve JSSP with multiple criteria. Lei [25] put forward a simplified multiobjective genetic algorithm SMGA for stochastic job shop scheduling with makespan and total tardiness minimization. Literature [26] applied a hybrid genetic algorithm and tabu search for dynamic JSSP.
However, different from the research in the area of the single objective scheduling problem, researches that pay attention to multiple criteria have been scarce. The goal of multiobjective JSSP is to find as many different promising schedules as possible. In this work, we apply makespan and mean flow time as the objectives of our algorithm. After considering the advantage and disadvantage of the cultural algorithm, we modified the structure and strategies of the original one to coordinate with multiobjective JSSP.
In this paper, we present a novel quadspace cultural genetic tabu algorithm to solve the multiobjective scheduling problem, which consists of four spaces, including double brief spaces and double population spaces. The search process is divided into two parts, which have their own cultural structures while exchanging with each other at a predefined frequency, which is one of the novelties of our paper. The other novelty is to design two different brief spaces and their influence functions along with the multiobjective selection strategy. Last but not least, a bidirectional shifting is presented for decoding the presentation, which could help improve the solutions efficiently. The goals of this paper are twofold: first, to analyze the effects when changing the parameters of our algorithm and to verify the proposed cultural algorithm, second, use the algorithm to deal with the real multiobjective JSSP. To justify our approach, we compared our proposed approach with other well established MOEAs-(NSGAII [27] , SPEA2 [28] ) and MPSO- [29] based approaches and found that the QSCGTA-based scheduling approach is able to outperform others in some fields.
The reminder of the paper is organized as follows. In Section 2, we explain the scheduling problem and multiobjective problem specifically as well as the concept and structure of both the original cultural algorithm and our novel cultural structure in Section 3. In Section 4, the four spaces cultured genetic tabu algorithm is developed to JSSP subsequently. Section 5 analyzes the performance results of QSCGTA when applied to solve common benchmarks in literature. At last, we come to our conclusion and some possible future directions.
Problems Formulation
JSSP is one of the most famous and hardest combinatorial optimization problems. During the past decades, a bunch of literature has been published, but no efficient algorithm has been presented yet for solving it to optimality in polynomial time.
Suppose we are given jobs and machines. Each machine can handle one job at most at a time. Each job consists of a sequence of operations and needs to be processed during an uninterrupted time period on a given machine. The purpose is to find a schedule, that is, the job sequence on the machines as to optimize one or more performance measurements, makespan, and mean flow time in our case. The traditional jobs, machines multiobjective JSSP can be described as follows:
Minimize min ∈ { ( )} ; = 1, . . . ,
, ≥ 0 ∈ (1, ) ; ∈ (1, ) .
The indices and variables of the model are enumerated as follows: : number of machines; : number of jobs; : job index; : operation number index; : number of operations of job ; , : finish time of operation th of job ; op , : processing time of operation th of job ; ( ): set of operations being processed at time .
Functions (1) and (2) infer the two objectives of JSSP. Constraints (3) ensure that the processing sequence of operations in each job is in accordance with the predetermined order. Constraints (4) demand that there is only one job on one machine at a time and (5) assures that the completion of all jobs should not be negative.
The conflicting character, where improving one objective may only be achieved when worsening another objective, exists in objective functions generally. Therefore, obtaining an optimal scheduling solution that optimizes all the objectives is nearly impossible. However, there exists a set of equally efficient, nondominated, or noninferior solutions, known as the Pareto-optimal set. We recall the basic notion of efficient solution: a feasible solution * is Pareto optimal if there does not exist any other ∈ such that ( ) ≤ ( * ), for all with at least one strict inequality. The set of all Pareto optima is called the Pareto optimal set and the set of all nondominant objective vectors is called Pareto front.
Many metaheuristic techniques have been proposed in the literature to search for near-optimal scheduling solutions. But the researches [30, 31] mainly focused on single machine or flow shop scheduling. Therefore, in this paper we deal with the multiobjective JSSP with makespan and mean flow time minimization.
A Novel Cultural Algorithm
The concept of culture can be defined in plenty of ways. Durham [32] described it as "a system of symbolically encoded conceptual phenomenon that are socially and historically transmitted within and between populations" in 1994. Therefore, culture can be taken as a vehicle for information storage. The information is accessible to all members of the society and can be useful in improving their problem solving activities. In other words, culture provides guidance and information to the new generation of a society. Without it, the only method for an individual to adapt to its environment is through plentiful trials and errors.
The Original Cultural Algorithm.
Cultural algorithm is an evolution model through observing the cultural process in nature. It is a dual inheritance system that characterizes evolution at both the macroevolutionary level, which occurs at the brief space, and at the microevolutionary level, which takes place within the population space. These two spaces interface with each other through two functions: an acceptance function and an influence function. The cultural algorithm framework is shown in Figure 1 . As described in Figure 1 , firstly the brief space and population space are initialized and the algorithm would repeat processing until a termination condition is met. The population space contains a set of possible solutions to the problem, and these individuals are evaluated by a performance function. Then an acceptance function decides which individuals in the current population should be selected and transformed to the current brief space. Those selected ones are adjusted with other individuals to update the brief space by an update function. Next, the updated knowledge in brief space is used to guide and influence the evolution in the population space through an influence function. Moreover, a selection function is used to select the population for the next generation. Most cultural-based algorithms applied the basic structure in Figure 1 while few modified it, such as literature [33] , which designed a multilayer belief spaces structure.
The New Cultural Structure.
It is well known that GA is not good at fine-tuning the solutions that are already close to the optimal solution, which means its local search ability is not as good as the global one. Hence, it is necessary to incorporate local search methods to find more effective optimal solutions, which is tabu search in this paper. We are not going to apply some local search after GA like many other researches do. The way we do it is to employ the two searching processes simultaneously with some interactions. The advantage of our approach is to gain more near-optimal solutions without suffering from premature convergence. The overview of the two processes is shown in Figure 2 , in which the left one means exploration searching with genetic search and exploitation searching in the right one stands for TS. The proposed model, which consists of four spaces and dual evolution processes, takes advantage of a parallel and thorough search process compared to the original one. GA and TS are for the purpose of global and local search separately. The better individuals generated by genetic search in junior space are sent to the senior population space for further local search at regular or irregular intervals. The number and frequency of the individuals transmitted are determined by the grade function. Corresponding to the dual evolution process, there are two belief spaces guiding them separately toward the promising area through the influence functions and updated by the acceptance functions. And the best individuals in belief space of TS will be sent to the belief space of GA at predefined intervals by transform function. It is obvious that the advantage of the double search processes, besides the exploration and exploitation simultaneously, is that users can design different specific knowledge and influence functions for different goals. The flowchart of the advanced cultural algorithm is shown in Figure 3 .
The Cultural-Based Genetic Tabu Algorithm for JSSP
Generally speaking, heuristic methods own advantages than exact methods in solving combinatorial optimization problems. Because it can provide more near-optimal solutions to decision makers. Therefore, we proposed the cultural genetic tabu algorithm to deal with the multiobjective JSSP.
The Representation and Schedule Builder
4.1.1. Representation. Chromosome representation is a key point in designing efficient evolutionary algorithms for constrained JSSPs. The reason is that different formulations in solutions correspond to different search spaces and different difficulties for further optimization operators. Although there have been all sorts of representation methods, generally speaking, these representations can be classified into the following two encoding approaches: direct approach and indirect approach [34] . In direct approach, a schedule is encoded into a chromosome and algorithms are used to evolve those chromosomes to search for a better schedule. However, in the indirect approach, the chromosome is not a schedule, such as a sequence of dispatching rules for job assignment in priority rule-based representation. Algorithms then are used to find a better strategy to construct a schedule. In our work, direct representation that belongs to operation-based representation with a schedule builder is used. This representation encodes a schedule as a sequence of operations and each gene represents one operation. To avoid the infeasibility raised by the precedence constraints, all operations for a job are named with the same symbol and interpreted by the order of occurrence in the given chromosome. This representation was employed by Bierwirth [35] and mathematically known as "permutation with repetition. " Considering a 3-job 3-machine problem, the chromosome contains 3 * 3 genes, for example, given by 1 2 1 3 2 3 1 3 2 (1 2 1 3 2 3 1 3 2) .
To obtain a feasible solution, the coding is interpreted as a task sequence 11 21 12 31 22 32 13 33 23 .
By searching the permutation from left to right, a task of job has to be scheduled on the determined machine by the technological order . Therefore, one of the advantages of this representation is that any individual can be decoded to a feasible schedule. There does not exist the special case that processes the schedule operations whose technological predecessors have not been scheduled yet. Moreover, it shows another advantage in that the search template of the evolutionary search has no concern with details of particular scheduling problems. Last but not least, the decoding needed belongs to a simple mapping relation, which makes the decoding much easier.
The initial solutions are generated randomly with the length of * in order to verify the robustness of our algorithm, which is one of the most important performances of algorithms [36] . 
Schedule Builder.
After the representation, the chromosome must be transformed into a feasible schedule. And computational experiments performed in [37] showed that a powerful decoding strategy plays an important role in improving the final solutions in JSSP.
The schedule builder used in this paper is bidirectional decoding, which performs a kind of local search. The decoding allocates each operation on its assigned machine one by one in the order represented by the coding. When operation is scheduled on machine , the idle time between operations that have already been processed on that machine is examined from left to right to find the earliest one that is not shorter than the process time of operation . If such an interval exists, it is allocated there, otherwise, it is allocated at the current end of machine , which is called left shifting. After all the operations have been scheduled, we could obtain the latest starting time of each operation , represented by ( ) from right to left, which is the latest time at which operation can begin without delaying the makespan. Then the decoding allocates each operation with its latest starting time from right to left and shifting them orderly from right to left. This one is called right shifting. The left shifting has already proved to be effective in reducing the makespan. And right shifting procedure, which means reverse left shifting, can provide better performance along with left shifting.
The pseudocode of our proposed bidirectional shifting is as shown in Algorithm 1.
Through the bidirection shifting, the actual processing order of operations and may be opposite to the operation sequence vector. In order to allow offspring to inherit the information of their parents, the coding is reordered according to the operations' starting time in the decoded schedule.
Genetic Algorithm for Global Search.
Genetic algorithms are stochastic search methods, containing complex interactions among parameters. The mechanics of the complex parameter interactions play an essential role in the performance of GA. Based on probability calculations and simulation results, Deb and Agrawal [38] observed that for simple problems, the mutation operator is the key search operator, while for complex problems, crossover operator plays an important role and performs well with an adequate population size. Based on these studies, it is recommended that the use of the crossover operator with an adequate population size is a reliable approach. Therefore, we prefer to apply the crossover with a large probability along with mutation with a small probability, as well as the analysis of population size with simulation results in the next section.
Crossover.
Crossover is considered as the backbone of GA, which aims to inherit information of two parent solutions to offspring. Provided that the parents keep different aspects of better solutions, such as in multiobjective problems, crossover owns a good opportunity to find better offspring. Considering the repetition structure of the representation, crossover operators containing more genes should be applied instead of the one-point or two-point crossover.
In this paper, we applied two kinds of crossover and each applied with half possibility. Firstly the generalized order crossover [39] is used with a slight modification of getting two offspring in one crossover operation. We proposed a length of crossover-string between one-fourth and two-third of the total length of a chromosome. Secondly, the binary crossover, shown in Figure 4 , is started by generating a binary string randomly, which consists by 0 and 1. The length of the string is the same as the chromosomes. The offspring inherits the element of one parent at positions with bit 1 while inherits the element of the other one at positions with bit 0. And the redundant jobs would be replaced by the missing job sequencing. The other offspring is obtained likewise.
Mutation.
Mutation is another important operator in GA and is usually performed after the crossover with a small probability. Considering the validation of the chromosome, we apply in this paper a swap mutation that needs no repair. Two different operations are picked randomly and then they exchange their positions.
The new individuals will be compared with the corresponding parent solutions by the following rules:
where obj is the objective functions, is the th new individual, and is th individual of the previous generation. And the rule of selecting individuals to perform crossover and mutation operators is 10-tournament selection to expand the selection of chromosomes, so that the ones with better performance have more chances to be chosen.
Tabu Algorithm for Further Local Search.
Tabu search is one of the most efficient local search strategies for scheduling problems. It is obtained by transforming one solution to the next according to some neighborhood structures. The main elements of TS are the neighborhood structures, the tabu list length, and stopping rules. In our paper, because TS is a kind of point-search, the size should be much smaller than GA. It worked every ten iterations and shares the same stopping rules with global search. As for the neighborhood structure, we applied two kinds of neighborhood structures. Firstly, we chose the two-job exchange mutation as the neighborhood and an example of (1, 3) has been chosen as follows: 
Secondly, the reversal of any two successive operations V and on the critical path, where the two operations are not from the same job, was applied as another neighborhood structure. Because movements in the critical path with certain constraints in multiobjective problems do not work remarkably as in single ones, movements between operations on different machines in the critical path have a certain possibility in improving the mean flow time while maintaining the same makespan. Last but not least, the tabu list length is decided by the experiments in Section 5.
Cultural Mechanism.
The cultural mechanism in this paper plays a key role in guiding the evolution to promising areas, which consists of dual belief space, acceptance functions, influence functions, grade function, and transform function.
Grade Function and Transform Function.
The grade function is proposed to decide how many and how frequent the individuals from GA should be sent to go through TS. Because of the single-point search nature of TS, we send a small population to TS compared to the population in GA. The number of grade population is self-adapted as shown in formula (10) and the frequency number is constant. And the transform function is to send one of the nondominated solutions to belief space of GA at a certain number of iterations
where means an interval the function works, is constant coefficient, ∈ (1, . . . , (max iter/ )), max iter infers the max generations, is transforming times, and popsizeTS is the size of population for TS.
The Belief Space and Knowledge Structures.
Generally speaking, the belief space of the cultural algorithm consists of several knowledge structures and is updated at a certain frequency. In our structure, there are two brief spaces that have different knowledge structures. Because our purpose is to enlarge the search space for GA in order to process global search while reduce the search space to guide the TS for local search, in brief space for GA, situational and topographical knowledge are adopted while situational and normative knowledge are applied for TS, while the history and domain knowledge are not applied for they are usually effective when the fitness landscape is dynamic.
The situational knowledge for GA consists of the best exemplars found along the evolution process. The structure is [ 1 , 2 , . . . ]. It records the nondominated set in GA. And the situational knowledge for TS is the same as the one for GA.
The normative knowledge represents the best district in the objective space and consists of two members ( , ), which refers to lower and upper limits of a nondominated set of individuals. It means that = {min obj ( ) , ∀ ∈ NS } = 1, 2, . . . , = {max obj ( ) , ∀ ∈ NS } = 1, 2, . . . ,
where NS is the nondominated set, obj is the th objective function, and is the number of objectives. The topographical knowledge is used to record the distribution of solutions to later help adapt the global acceleration. The space represented by normative knowledge is divided into grids of 1 × 2 × ⋅ ⋅ ⋅ , where is the number of objectives and is the number of division in th objective. Each cell will be represented by three elements cell = 
During each iteration, this knowledge will be updated to rebuild a new cell following the normative knowledge.
Acceptance Functions and Updating Brief Spaces and
Knowledge. The knowledge of current belief space is updated by the individuals selected by acceptance function. The nondominated sets of populations are chosen to update the belief spaces.
The situational and normative knowledge are updated as follows:
Influence Functions.
Influence function is one of the key issues in cultural algorithms in guiding the evolutionary search. In this paper, we propose two totally different influence function structures for GA and TS.
The influence function applied on the genetic search consists of three parts. The first one is sending 10% individuals randomly to GA. This method will improve the quality of the population and then improve the evolution process.
The second one is applied to the mutation procedure. We apply the formula (14)∼(15) to modify the mutation probability CM according to the topographical knowledge
where best is the number of nondominated ones in the cell where the best individual at generation is located and +1 best is the number of nondominated ones in the cell where the best individual at + 1 generation is located. This formula implants a piecewise dynamic into the variation of the global acceleration. The values of best and +1 best are stored in the topographical knowledge and CM should be limited in a range of [CM min , CM max ] according to formula (15) .
And the last one is towards crossover. This is inspired by the phenomenon called Atavism, which is a theory in heredity holding that the reappearance of a characteristic in an organism after several generations of absence is usually caused by the chance recombination of genes. Therefore, we make the best individuals in situational knowledge crossover with the worst individuals in GA expecting that the offspring in several generations will inherit the good gene from the best individuals. We use the topographical knowledge stored in the belief space to select the best individual. Firstly, we use the roulette wheel selection to choose the least populated cell, and then randomly select a nondominated individual from that cell to be the best individual. Each cell is assigned a fitness of
where cell is the number of nondominated ones located in that cell. The influence function for TS consists of a combined effect by both situational knowledge and normative knowledge. Its strategy is, as formula (17) shows, towards tabu length :
4.4.5. Global Archive. We design a limited archive to store the best solutions. And each new nondominated solution from the two processes will be compared with members in the archive. If new dominates any member of the archive, new will replace the member in the archive. If new is dominated by any member of the archive, new will be disregarded. And if new neither dominates nor is dominated by the members of the archive, there will be two parts. If the archive is not full, new would be added to archive. However, if it is full, new would replace the one with the shortest distance between adjacent individuals. And the members in the archive take part in the selection process of GA along with the population.
To sum up, we proposed a novel hypergenetic algorithm incorporated with tabu search under the frame of cultural algorithm. The flowchart of our QSCGTA is shown in Figure 5 .
Experimental Results and Discussion

The Testing Problem.
Computational experiments are carried out to investigate the performance of our proposed cultural genetic tabu search. In order to evaluate the performance of our algorithm, we run the algorithm on a series of benchmark problems from the OR-Library (http://people .brunel.ac.uk/∼mastjjb/jeb/info.html), which is regarded as the standard testing problems in scheduling. The testing benchmark problems in this paper include MT problems, ABZ problems, and LA problems.
All the programs in the experiments were written in Matlab and all the experiments were running on platform using Intel Core 4 Quad 2.4 GHZ CPU with 2 GB RAM. First we applied orthogonal experiments to decide our parameter settings in the QSCGTA. And then we compared our algorithm with other well-known multiobjective evolutionary algorithms, which are NSGAII, SPEA2, and MPSO.
A set of solutions that are superior to the rest of the solutions exists in multiobjective optimization. Therefore, new approaches, which differ from the single objective, are required to compare the performance of the algorithms. The performance measures that are used are as follows.
(1) Number of Pareto solution (NPS): this performance measurement is calculated by counting the number of nondominated solutions obtained. A larger number corresponds to better performance.
(2) Hyperarea ratio (HR) [40] : this indicator shows the ratio between the area dominated by solutions and the entire solution area. A bigger ratio corresponds to a better solution. Given the difficulty in deciding the extent of the entire solution area, we used the rectangle constituted by the maximum and minimum of each objective as PF TRUE :
(3) Spread of nondominance solutions (SNS): this criterion, which is known as an indicator of diversity, is calculated through the following formula. Larger 4 20 values of this criterion correspond to higher quality solutions:
where is the number of nondominated solutions and 1 and 2 are the values of the two objectives.
Computation Results
Parameters Selection through Orthogonal Experiment.
The parameters, which can be uncertainty, had a great influence on the performance of the algorithm [41] . There have been several parameters that should be set properly in order to make the algorithm more effective, which are population size of genetic search (PS), the crossover possibility (CP), the mutation possibility (MP), and tabu list length (TL). If the authors apply the factorial experiment to design the parameters, it requires 4 4 = 256 experiments. It is a waste of time and resource. Therefore, the orthogonal experiment is carried out to tune the adjustable parameters of our algorithm, which just needs 4 2 = 16 experiments. The orthogonal experiment used here is to design experiments to investigate how different parameters affect the mean and variance of a process performance characteristic. The experiment design involves using orthogonal arrays to organize the parameters, which affect the process, and levels at which the parameters should be varies.
Generally first we considered the hyperarea ratio of problem MT10, LA25, LA28, LA36, and ABZ7 for ten times at 500 generations as the objective. Then we chose the four levels for population size of genetic search (PS), the crossover possibility (CP), the mutation possibility (MP), tabu list length (TL). The levels of all the parameters are listed in Table 1 .
Here we chose the L16 orthogonal array and Table 2 shows the experiments results of MT10. The best HR of each column is shown in bold. Then after the range analysis, it is obvious that the major one is the size of population followed by mutation possibility and crossover possibility. And it also shows that the parameters PS = 150, CP = 0.8, MP = 0.4, and TL = 15 work better for MT10.
The parameter settings for the other four instances are applied the same way as MT10 and the results are shown in Tables 3, 4 , 5, and 6. The best HR of each column is shown in bold. Based on the data in tables, the best parameters settings are not completely consistent in all the problems. Concluding from all these tables, the authors set 150 for population, 0.4 for mutation possibility, 0.8 for crossover possibility, and 15 for tabu list length.
Multiobjective Comparison.
Multiobjective optimization has two goals: one is to find a set of solutions as close as possible to the Pareto front, while the other is to find a set of solutions as diverse as possible.
The parameter settings of our algorithm are the same as above and the one for MPSO is the same as literature [29] . The parameters for NSGAII and SPEA2 are decided by the aforementioned orthogonal experiment and the settings are as follows.
(1) The initial population is randomly generated and the number is set to 150.
(2) Tournament selection is chosen.
(3) The GOX and swap are used as crossover and mutation operators.
(4) The ratios of GOX and swap are set to 0.8 and 0.4, respectively.
(5) The size of archive is set to 40 and number of iteration is set to 500.
Each benchmark problem was tested for twenty times with different seeds. Then all the final generations were combined and the nondominated sorting was performed to constitute the final nondominated solutions.
The results in Table 7 showed that QSCGTA has the highest average hyperarea ratios in 14 of 18 instances, followed by PSO with 3 instances, SPEA2 with one instance, and NSGAII with none. With regard to number and spread of nondominance solutions, our approach found more nearoptimal solutions with diversity than MPSO, SPEA2, and NSGAII as well. Because the application of TS along with GA guides the search with more possibilities towards promising areas than traditional TS. Moreover it makes the search process converge more quickly than traditional GA. Besides, the cultural frame quickens the two searching processes. To further test the stability of algorithms, we run the four algorithms twenty times independently, under the aforementioned environment, on randomly selected instances with different sizes, which are LA03, MT10, LA17, LA27, LA40, and ABZ7. The box plots of hyperarea ratio on these instances are shown in Figure 6 . This figure clearly indicates that the QSCGTA outperforms the NSGAII and SPEA2 both in stability and distribution. With regard to MPSO, QSCGTA is with a less concentrated distribution, however, with better optimal and mean. Moreover, observing from the computation time comparison in Figure 7 , QSCGTA requires about a quarter of time MPSO needed, half time of NSGAII, and slightly larger than SPEA2. In other words, QSCGTA owns advantages over the other three algorithms. Moreover, to further verify the performance of our algorithm, the performance for HR is computed for each algorithm on randomly generated instances. Several problem scenarios were generated by varying one or more of the number of machines and number of jobs. For each scenario, 20 problems were randomly generated by setting operation processing times from a uniform distribution in the interval [5, 100] , and the average values across these instances were recorded. All jobs had randomly assigned routing through the system. The results on instances generated randomly, shown in Table 8 , also validated the exploration and exploitation of our QSCGTA.
Conclusions
Multiobjective scheduling has become the main research field in scheduling problems because of the multiobjective character, by nature, of many real-world scheduling problems. Due to the complexity of the job shop scheduling problem, many researches have been focused on multiobjective single machine problems or flow shop problems. The researches on multiobjective job shop problems are very rare. Therefore, in this paper, we have proposed QSCGTA for solving the multiobjective JSSP. The GA and TS have been incorporated in the frame of a novel cultural algorithm to search for the Pareto-optimal schedules.
The experiments indicated that our approach is suitable for applied benchmark problems and obviously yielded better performance in terms of solutions, stability, and computation time compared with the other three algorithms. The main strength of our approach is in combination with global and local search under a novel cultural algorithm frame in order to produce diverse solutions while maintaining the convergence of the nondominated solutions. In each generation, only a predefined number of the best solutions of GA is selected for applying TS. It provides more diversity toward Pareto-optimal solutions. All in all, our proposed QSCGTAbased evolutionary scheduling approach accomplished the goals of multiobjective job shop scheduling problems both in convergence and diversity.
More comprehensive studies can be applied to extend the QSCGTA. Other possible criteria in multiobjective optimization will be considered. Furthermore, more local search methods will be analyzed to integrate to the QSCGTA algorithm.
